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ABSTRACT 
 
While the individual effects of temperature and soil moisture on individual plants are 
well explored, the associated effects on forest ecosystems are more complex. Gross 
primary productivity (GPP), ecosystem respiration (ER) and net ecosystem productivity 
(NEP) are the major components of carbon flux between the land and atmosphere. I 
correlate summer temperature and drought indices with GPP, ER and NEP from eddy 
covariance forest sites across the U.S. It is not always true that GPP and ER are 
correlated with temperature positively and with drought negatively as expected. The 
combinations of correlation signs between temperature, drought and either GPP or ER 
can be: a) negative, negative; b) negative, positive; c) positive, negative; and d) positive, 
positive. An explanatory model is developed to interpret these combinations. These 
combinations imply a) soil moisture limited; b) temperature surpasses the optimal; c) 
expected response; and d) temperature dominated, respectively. Forest ecosystems in the 
contiguous US occur in three climate regions, which is the primary factor determining the 
category of their response. For humid continental climates, ER responds to temperature 
and drought as expected; and GPP responds to temperature and long-term drought as 
expected, while GPP is temperature dominated with short-term drought. For 
Mediterranean climates, ER responds to temperature and short-term drought as expected, 
while ER is temperature dominated with long-term drought; GPP is limited by short-term 
droughts. For humid subtropical climates, ER is temperature dominated with both long-
term and short-term droughts and GPP with short-term drought, while GPP responds to 
temperature and long-term drought as expected. Changes in NEP are the result of changes 
in GPP and ER. GPP is the dominant flux for the monthly variation in NEP within the 
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growing season. The inter-annual change in NEP from one growing season to the next is 
dominated by ER in Dfb and Csb climates, and by GPP in Cfa climates. 
1. Introduction 
Forest ecosystems are essential for carbon cycling and climate changing. Global 
forest ecosystems contribute to about 50% of terrestrial net primary production (NPP) 
and 45% of terrestrial carbon stock, while they only cover 30% of land area [Bonan, 
2008]. The World Bank [2017] reported that 33.9% of terrestrial area in the United States 
is forest. In 2016, the US forest stores 91.3 Pg C, and sequesters 216 Tg C yr-1 [Woodall 
et al., 2016]. With the large amount of carbon and net ecosystem productivity (NEP), 
forest ecosystems are the single largest biome in the terrestrial carbon cycling [Pan et al., 
2013]. The variation of forest carbon fluxes is important for the atmospheric CO2 
concentration and global warming. 
Carbon is exchanged between forest ecosystems and the atmosphere through two 
major pathways, photosynthesis and respiration, including both plant respiration and 
microbial decomposition from the soils. The productivity and respiration of forest 
ecosystems are affected by climate, in particular temperature and soil moisture. 
Temperature and soil moisture are two important impactors on forest carbon fluxes. Their 
individual impacts have been well studied [Lloyd and Farquhar, 2008]. However, there 
are few studies on the associated effects of temperature and soil moisture on the forest 
carbon fluxes. The effect of temperature on gross primary productivity (GPP) is generally 
parabolic, such that there is an optimal temperature under which most species thrive 
[Lloyd and Farquhar, 2008].  Most temperate trees today are generally below this optimal 
temperature, so that warming is beneficial for GPP [Sims et al., 2007; Schaber and 
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Bacdeck, 2003]. These authors found that the GPP derived from eddy covariance tower 
data increases with increasing temperature. If vegetation is moisture limited, then 
additional soil moisture aids growth; otherwise it has no effect unless the soil becomes 
water logged [Pereira et al., 2007]. As an example, GPP increased significantly from a 
dry year to a wet year [Pereira et al. 2007] in an oak forest that was moisture limited. 
Ecosystem respiration (ER) consists of both plant respiration and microbial 
decomposition.  Both air temperature and soil moisture can explain ER variation in a pine 
forest [Ekblad et al, 2005]. Warmer temperatures increase ER rates, while more soil 
moisture also generally increases respiration rates unless the ground becomes too wet 
[Wood et al., 2013; Schlentner and Van Cleve, 1984]. A field experiment at Harvard 
Forest records that summer droughts decrease ER of this mixed temperate forest [Borken 
et al., 2006]. Lloyd and Taylor [1994] collected 15 samples on the soil respiration of 
terrestrial ecosystems, showing that ER rates increase with increasing temperature, by a 
Q10 function. Q10 reflects the temperature sensitivity of soil respiration, such that soil 
respiration increases by a Q10 factor with a 10 ℃ increase of temperature [Janssens and 
Pilegaard, 2003]. The NEP is defined as the difference between GPP and ER. Thus, the 
direction of carbon exchange between forest ecosystems and atmosphere depends on the 
relative values of GPP and ER. 
Multiple climate models have shown decreasing soil moisture and increasing 
drought  in the US under the background of global warming [Dai, 2013; Sheffield and 
Wood, 2008]. Warming increases forest GPP and ER, while drier conditions decrease 
GPP and ER. Therefore, the opposing effects of warming (positive) and drying (negative) 
lead to the uncertainty in the response of GPP and ER. The change of GPP and ER can 
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lead to a decrease, increase or no significant change in NEP. I investigated the correlation 
of summer temperature and soil moisture with carbon fluxes (GPP, ER, and NEP) from 
the forest eddy covariance towers in the contiguous United States. The purpose of this 
study is to evaluate the associated effect of the temperature and soil moisture on the 
carbon exchange between forest ecosystems and the atmosphere during the growing 
season. I find that GPP and ER do not always increase with warming and moister soils, 
but increase or decrease depending on the dominant factor (temperature or soil moisture) 
of each forest ecosystem.  
2. Methods and Data 
2.1. Eddy covariance carbon fluxes 
Eddy covariance towers are used to quantify the carbon exchange between land 
and atmosphere, while also measuring climate variables, energy and water fluxes. The 
eddy covariance method determines net ecosystem exchange (NEE) from the fluctuations 
of vertical wind velocity and CO2 mixing ratio [Baldocchi, 2003]. NEP, which is based 
on a terrestrial perspective, is the opposite sign of NEE, which is from an atmospheric 
perspective. ER is estimated by a temperature-sensitive algorithm [Reichstein et al., 
2005], and GPP is the sum of NEP and ER: 
NEP=GPP-ER      (1) 
 Ameriflux is the eddy covariance network in North America. Ameriflux Level 4 
dataset has monthly gap-filled fluxes and climate variables. Gaps in eddy covariance data 
exist when there is little or no turbulence, primarily at night.  There are two versions of 
NEP, ER and GPP available from Ameriflux, one calculated by the Ameriflux program 
itself and the other by the individual principal investigators. Each version of NEP is filled 
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by the Marginal Distribution Sampling (MDS) method [Reichstein et al., 2005] and the 
Artificial Neural Network (ANN) method [Papale et al., 2003]. Consequently, there are 2 
versions of ER and 4 versions of NEP and GPP (Table 1).  
 In the contiguous U.S., there are 36 eddy covariance towers in forest ecosystems. 
The length of their measurements varies from 1 year to 15 years (Table 2). However, not 
every tower has data from both developers or both filling methods. Choosing only one of 
the versions eliminates a number of available towers. To acquire as much data as 
possible, the carbon fluxes from different developers or with different filling methods are 
treated equally. The analysis resulting from different versions are weighted equally as 
well.  
 The 36 eddy covariance towers are scattered into 3 Köppen-Geiger climates 
(Figure 1) [Kotteck et al., 2006]. All three types of climates have warm summers and 
cold winters, while their precipitation patterns differ. Mediterranean climates (Csb) have 
dry summers and wet winters. The humid continental climate (Dfb) precipitates evenly 
throughout a year. The humid subtropical climate (Cfa) has wet summers and dry 
winters. Average temperature and precipitation over 114 years of US-Ha1, US-Blo and 
US-SP1 represent the climate patterns in Dfb, Csb and Cfa respectively (Figure 2). The 
towers in the climates of Csb, Dfb, and Cfa are located in the West Coast, the Northeast, 
and the Southeast, respectively (Figure 1). 
2.2. Climate variables 
Both Precipitation – Evapotranspiration Index (P-E Index) and Palmer Drought 
Severity Index (PDSI) measure the soil moisture condition. The P-E Index describes the 
net soil moisture from a simple water budget model. The available water for tree growth 
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is the difference between precipitation (P) and potential evapotranspiration (PET). Thus, 
the P-E Index is the normalized net moisture: 
P-E Index=(P-PET)/max(|P-PET|).                 (2) 
It evaluates the net moisture relative to the maximum historical net moisture. PET is 
estimated by a modified Thornthwaite equation [Willmott et al., 1985] and Penmen-
Monteith method [Ekström et al., 2007]. The Climate Research Union (CRU) Time-
Series 3.23 is a monthly global climate dataset with 0.5° × 0.5° resolution from 1901 to 
2014 [CRU, 2015]. The gridded precipitation and Penman-Monteith PET are available in 
CRU 3.23, while the Thornthwaite PET is not. The Thornthwaite PET is derived using 
the mean air temperature (T) in CRU 3.23 by the Thornthwaite’s equation [ Willmott et 
al., 1985]. Therefore, I have the P-E Index with Thornthwaite PET (P-E_th) and the P-E 
Index with Penman-Monteith PET (P-E_pm), ranging from 1901 to 2014 (Figure 3). 
They are equally weighted in all analyses.  
 Palmer created the PDSI in 1965 based on a water balance model [Palmer, 1965]. 
This water balance has an incoming component of precipitation, and outgoing 
components of potential evapotranspiration, potential recharge to soil, potential runoff 
and potential water loss to soil layers. The total of outgoing components is balanced by 
potential precipitation. Water deficit is the difference of actual precipitation and potential 
precipitation. Self-calibrated PDSI [Wells et al, 2004] is derived with unique parameters 
to each location. Therefore, this index is comparable among climate regions. The 
algorithm of PDSI contains the antecedent soil moisture condition. The duration factors, 
weights of antecedent and current soil moisture, are characterized by climate, where the 
longest dry spell is 18 months [Dai, 2011]. Therefore, the droughts described by PDSI are 
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long-term droughts, while the P-E index only represents short-term droughts. The self-
calibrated PDSI in the CRU dataset [van de Schrier et al., 2013] is from 1901 to 2009. 
The drought indices for every eddy covariance tower are extracted from the gridded 
dataset based on tower locations. More negative P-E indices and PDSI represent drier 
conditions, but I multiply them by -1 to produce positive values, so that larger positive 
means more intense drought. 
 Gridded temperature is extracted from the CRU 3.23 gridded dataset, which has 
114-year records since 1901. The linear warming trends in the past 114 years are 
calculated based on t-test statistic [Felzer and Sahagian, 2014] with the confidence level 
of 90% (Table 3). Eddy covariance towers can measure temperature as well. Thus, every 
tower has gridded temperature with trend (gridded_T) and the temperature provided by 
the tower (tower_T). Since the gridded_T is assumed to be an approximation of tower_T, 
I correlate the two to test whether the gridded_T reflects the temperature around the 
towers. I do this correlation with the temperature of all 12 months each year. The linear 
regression function is derived for both the gridded_T and tower_T (Table 2).  
2.3. Average climate and carbon fluxes 
For each climate type, the 3-dimensional space of summer temperature, drought 
indices and carbon fluxes for each eddy covariance tower are classified. The data clusters 
and scatters represent the similarities and dissimilarities of temperature, soil moisture and 
carbon fluxes. The trends of mean carbon fluxes with mean climate variables across the 
US and within each climate are compared with the expected responses from previous 
studies. 
2.4. Individual correlations 
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I focus on the summer months of June, July, and August, which are within the 
growing season of forests in the contiguous US when leaves are on the trees. First, I test 
the relation of temperature and soil moisture to each other by correlating the gridded_T 
with the drought indices.  
 Next the temperatures and drought indices are correlated with the carbon fluxes 
individually. Thus, I have the correlations of temperature (gridded_T and tower_T) with 
carbon fluxes (corr(T, GPP/ER/NEP)), the correlations of P-E with carbon fluxes (corr(P-
E, GPP/ER/NEP)), and the correlations of PDSI with the carbon fluxes (corr(PDSI, 
GPP/ER/NEP)). The corr(P-E, GPP/ER/NEP) and corr(PDSI, GPP/ER/NEP) reflect the 
effects of short-term drought and long-term drought, respectively. With the assumption 
that summer temperature, drought indices and carbon fluxes are normally distributed, I 
tested the correlations using p values to calculate the 90% confidence interval.   
2.5. Correlation combination 
Comparing the individual effects of temperature and drought indices on carbon 
fluxes can reveal the dominant factor. The signs of correlations indicate the direction of 
effects (positive or negative). I create an explanatory model to suggest the associated 
effects of temperature and soil moisture on the forests where the eddy covariance towers 
are located (Figure 4).  In our model, I combine the corr(T, GPP/ER/NEP) and corr(P-
E/PDSI, GPP/ER/NEP) together. The combination of signs in the correlations can be: a) 
negative, negative; b) negative, positive; c) positive, negative; or d) positive, positive. 
These possibilities imply the forest in the condition of a) soil moisture limited; b) 
temperature surpasses the optimal; c) expected response; or d) temperature dominated, 
respectively. 
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 When both the corr(T, GPP/ER/NEP) and corr(P-E/PDSI, GPP/ER/NEP) are 
negative, increasing temperature is no longer helpful for forest production or respiration. 
However, the change in carbon fluxes follows the rule that drought decreases the 
productivity. Hence, forests in this condition are limited by soil moisture. Besides, the 
combination of corr(T, GPP/ER/NEP) and corr(P-E, GPP/ER/NEP) shows the limitation 
of short-term droughts, while the combination of corr(T,GPP/ER/NEP) and corr(PDSI, 
GPP/ER/NEP) shows the limitation of long-term droughts. 
 When the corr(T, GPP/ER/NEP) is negative and the corr(P-E/PDSI, 
GPP/ER/NEP) is positive, drought does not affect carbon fluxes. On the other hand, 
increasing temperature is not beneficial. This condition happens when the temperature 
surpasses its optimal.  
 It is the expected response that increasing temperature and decreasing drought 
lead to increased productivity. This possibility happens when the corr(T, GPP/ER) is 
positive and corr(P-E/PDSI, GPP/ER) is negative. 
 The last possibility is both corr(T, GPP/ER) and corr(P-E/PDSI, GPP/ER) are 
positive, which is the flip side of the soil moisture limited condition. Increasing 
temperature and decreasing soil moisture are beneficial, while drier soil would be 
expected to decrease the carbon fluxes. Obviously, temperature is the larger role here, so 
the forests are limited by temperature. 
 I calculate the correlations for all forests and for each carbon flux with this 
approach. The forests are classified by climate regimes. Multiple flux measurements for 
each tower are weighted equally. The percentage of each combination for each climate is 
calculated, and the most common combinations are chosen for every climate regime. 
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Calculations are done for each tower and then also limited to those towers with 4 or more 
years of data to ensure sufficient number of data points for the correlations.   
2.6. Dominant flux for NEP 
NEP change is determined by the change in GPP and ER. From equation (1), the 
relation of these changes can be: a) NEP increases, because GPP increases more than the 
increase of ER; b) NEP increases, because GPP increases and ER decreases; c) NEP 
increases, because ER decreases more than the decrease of GPP; d) NEP decreases, 
because GPP decreases more than the decrease of ER; e) NEP decreases, because GPP 
decreases and ER increases; and f) NEP decreases, because ER increases more than the 
increase of GPP (Table 4). GPP is the dominant flux in the relations a) and d), and ER is 
the dominant flux in the relations c) and f), while both GPP and ER are dominant fluxes 
in the relations b) and e). The month-by-month changes of GPP, ER and NEP are 
extracted from monthly values (July – Jun, and Aug – Jul) in each year. The year-by-year 
changes are calculated based on annual carbon fluxes, which is the average of Jun, Jul 
and Aug carbon fluxes from only the towers with four or more years of data. The month-
by month and year-by-year changes are matched to the six relations explained above. The 
dominant carbon flux is determined by the relation that occurs most in all years of either 
the month-by-month changes or year-by-year changes in each climate. The two possible 
directions of change in NEP with the same dominant flux are combined. 
3. Results 
3.1. Approximation of tower temperature 
The Pearson correlation coefficient (Pearson r) values between tower and gridded 
temperatures in each climate region are close to 1 and statistically significant at the 99% 
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confidence level (Table 2). The slopes of linear regressions are close to 1. However, there 
are differences between the two temperatures in the range of -4.04 ℃ to 3.47 ℃. 
3.2. Average climate and carbon fluxes 
The mean temperature and mean short-term drought (P-E) are clustered by 
climates (Figure 5). The towers in humid continental climate and Mediterranean climate 
are in higher latitudes with similar summer temperature around 15 to 20 ℃. The humid 
subtropical towers have higher temperatures (~ 25℃) since they are located at lower 
latitudes. The summer temperature of Mediterranean climate varies more than the other 
climates. For all three carbon fluxes, the Mediterranean climates are clustered towards the 
lower P-E values, with humid continental in the middle, and humid subtropical towards 
the higher P-E.  The same general clustering occurs with PDSI, though there is more 
mixture between the humid continental and humid subtropical climates (Figure 6). The 
flux values are all generally lower for the Mediterranean climates. 
 The mean ER of all towers is around 100 g C/m2/month and cannot be separated 
based on climate types. The mean GPP of Mediterranean climates (~ 200 g C/m2/month) 
is less than the mean GPP of humid continental climates and humid subtropical climates 
(~ 300 g C/m2/month). The humid continental climate has more towers with positive NEP 
(~ 100 g C/m2/month), while the mean NEP of Mediterranean climates and humid 
subtropical climates is around 0 g C/m2/month.  
Within each climate, GPP and ER do not respond to temperature and soil moisture 
as expected across the towers. For example, there is no obvious increasing or decreasing 
trend of GPP in Mediterranean climates with increasing temperature. The humid 
continental climates have different GPP values with similar temperatures (Pearson r = -
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0.04; Table S1). Humid subtropical climates with higher temperature usually have lower 
GPP (Pearson r= -0.46), and their ER is significantly negatively correlated with PDSI 
(Pearson r= -0.69; Table S1). There are also significant negative correlations of NEP with 
temperature in humid subtropical climate (Pearson r = -0.71) and with P-E in humid 
continental climate (Pearson r=-0.8; Table S1).  Most of these correlations are not 
significant because they are based on the average climate and carbon flux from each 
tower, and there are too few towers for significant correlations. 
3.3. Temperature vs. drought 
The gridded temperatures have mostly increased with time, as the positive slope 
for each of the summer months indicates (Table 3). Most slopes of trend lines are 
statistically significant with 90% confident interval. All cases but two have positive 
slopes, and those negative slopes are not statistically significant. The summer 
temperature has increases from 0.52℃ to 2.29 ℃ per century since 1901. Harvard forest 
will be used as an example to help illustrate these and other trends, as it has the longest 
eddy covariance record. The summer of Harvard forest warmed by 1.7 ℃ per century in 
average (Figure S1).   
 For most towers in every climate, higher temperatures significantly correlate to 
short-term drier conditions (i.e. P-E) in the past 114 years (Figure 7a). Two towers in Csb 
climate have negative correlation of gridded_T and P-E index. A few towers in Dfb 
climate and Cfa climate have insignificant positive correlations.  
 For long-term droughts (i.e. PDSI, Figure 7b), every Cfa towers has significant 
positive correlation of gridded_T and PDSI. While the gridded_T of all Csb towers are 
positively correlated with PDSI, less than half of the towers have significant correlations. 
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Among Dfb towers, over 70% of towers have negative correlation of gridded_T and 
PDSI, and most of them are insignificant. There is no significantly positive correlation in 
Dfb towers. The temperature of Harvard forest is positively correlated with P-E (Figure 
S2a) but negatively correlated with PDSI (Figure S2b). 
 In addition, the towers with 4 or more years of data have more positive 
correlations between temperature and drought indices (Figure S6). In the Csb climate, 
more towers with the longer measurement have insignificant positive correlation of 
gridded_T and PDSI. Most correlations of gridded_T and PDSI are positive in Dfb 
climate (Figure S6b). 
3.4. Individual correlations 
More than half the towers in all three climates have positive correlation of 
gridded_T and ER (Figure 8a). Most of the positive correlations are not statistically 
significant. Dfb climate has a higher percentage of towers with positive correlation of 
gridded_T and GPP (Figure 8b), while the Csb climate is dominated by negative 
correlations. Excepting statistical significance, the results when using tower temperatures 
are similar to using gridded temperatures (Figure 8a-c and Figure 8d-f).  
 The correlation of P-E and carbon fluxes are generally negative (Figure 8g-i). 
There are 64%, 50% and 57% of towers with negative correlation of P-E and ER in Dfb, 
Csb and Cfa climates, respectively. Yet fewer than 50% of Dfb towers have negative 
correlation between P-E and GPP or NEP. For Dfb and Cfa climates, the number of 
towers with negative correlations between both PDSI and P-E drought indices and ER or 
NEP are similar (Figure 8g and j, and i and l), while the number of towers with negative 
correlation between PDSI and GPP is more negative than between P-E and GPP (Figure 
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8h and k). The ER (Figure 8g and j) and GPP (Figure 8h and k) of most Csb towers are 
positively correlated with PDSI, although they are negatively correlated with P-E. The 
towers with 4 or more years of data (Figure S7) show similar results. Harvard tower ER 
is positively correlated with temperature and all drought indices (Figure S3-5). The GPP 
is positively correlated with temperature and short-term drought. The sign of correlation 
of GPP and PDSI in Harvard forest varies with different filling methods (MDS, ANN) 
and versions of GPP.  
3.5. Correlation combinations 
The weighted number of towers with all possible combinations of correlations 
between the climate (T, P-E, and PDSI) and carbon fluxes (ER, GPP, and NEP) are 
labeled in each bar in Figure 9 and Figure S8. Every climate has more than one possible 
combination, however there is often a dominant one. The dominant correlation is more 
evident when all the towers are used (Figure 9) than when only the subset are used 
(Figure S8). The dominant correlation combination is also changed slightly by whether 
the temperature is gridded (Figure 9a-f and Figure S8a-f) or tower-based (Figure 9g-l and 
Figure S8g-l). The particular drought index (P-E or PDSI) also makes a difference. For 
example, ER and GPP respond to climates as expected using P-E in Harvard forest 
(Figure S3-4). However some versions of GPP response is dominated by temperature 
when PDSI is used. 
3.6. The most common combination of signs 
For the Dfb climate, using gridded_T, ER responds as expected to the change in 
temperature, short-term droughts and long-term droughts (Figure 10). The GPP response 
is dominated by temperature for short-term drought, and it responds as expected to the 
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change in the temperature and long-term drought. The NEP with gridded temperature and 
P-E is limited by soil moisture, while the gridded temperature for NEP and PDSI is above 
the optimal. Temperature, however, is the dominant factor for the NEP response with 
tower_T and P-E. Other combinations of correlations between temperature and drought 
indices with carbon fluxes have the same results by using gridded temperature and tower 
temperature. If only the towers with 4 or more years of data are considered (Figure S9), 
none of the combinatons are in the quadrant of temperature surpasses the optimal. Only 
the NEP with PDSI is limited by soil moisture from the towers with 4 or more years of 
data.  
In the Csb climate, ER responsds to the change in temperature and P-E as 
expected, while ER with PDSI is dominated by temperature. GPP and NEP are moisture-
limited by P-E, while they are not moisture-limited by PDSI. They are more likely to be 
limited by short-term droughts rather than long-term droughts. ER with P-E and 
temperature shifts from the expected response quadrant (Figure 11) to the temperature-
dominated quadrant using only the towers with longer periods of data (Figure S10). In 
either case, GPP and NEP are limited by short-term drought and not limited by long-term 
drought. The results with tower_T are comparative to the results with gridded_T.  
For the Cfa towers, ER is dominated by temperature either using P-E or PDSI 
(Figure 12). The response of GPP to P-E and temperature is dominated by temperature, 
while it responds to PDSI and temperature as expected. The response of NEP is moisture-
limited by both P-E and PDSI. Using gridded temperature or tower temperature has the 
same results when all towers are considered. There are some differences using all the 
towers versus when data-limited towers are removed in the Cfa climate (Figure 12). 
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When only the towers with 4 or more years of data are used, ER is limated by both P-E 
and PDSI, and GPP with PDSI is dominated by temperature. GPP with PDSI has another 
most common combination of correlation signs, which is in the quadrant of expected 
response. Both NEP with PDSI and ER with P-E have different results when using 
gridded temperature and tower temperature.The unique information in Cfa towers is that 
NEP is limited by droughts (P-E and PDSI), although GPP and ER are not (Figure 12).  
3.7. Dominant fluxes 
Acoording to the relation of monthly change in GPP, ER and NEP, GPP is the 
dominant flux for changing NEP in 55.6%, 44.4%, and 51.8% of Dfb, Csb and Cfa 
towers, respectively (Table 5). In terms of interannual change in NEP, ER is the 
dominant flux for 42.1% of Dfb towers and 47.9% of Csb towers, while GPP is the 
dominant flux for 54.9% of Cfa towers.     
4. Discussion 
 Summer is the warm season in common for the Dfb, Csb and Cfa climates, 
although the precipitation differs for each. Forest soils store water from precipitation, and 
roots acclimate to their precipitation patterns [Hanson and Weltzin, 2000]. Xeric forests 
have the deepest root systems, and temperate forests have the shallowest, while the depth 
of tropical forests is midway between them [Canadell et al., 1996]. Precipitation is the 
only influx of water into the P-E and PDSI indices. The Dfb climate has precipitation 
evenly distributed throughout a year, so the soil moisture is uniform and high all the time. 
Since the Dfb forests are in the Northeast, snow melt is an additional water influx when 
temperature gets higher. However, snowmelt and rainfall cannot infiltrate frozen soil 
[Niu and Yang, 2006]. Roots of trees in Dfb forests are shallowly distributed in the soil 
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[Hanson and Weltzin, 2000; Jackson et al., 1996], so that they are capable of efficiently 
capturing the rain during the growing season [Hansen and Weltzin, 2000]. Summer is 
often dry in Csb climates. Abundant precipitation from previous seasons infiltrates into 
the lower layer of soil, which then stores water for dry seasons. Rainfall in a mixed forest 
in Nevada from the non-growing season accumulates in the deeper soil and 
evapotranspirates during the growing season [Bales et al. 2011]. In contrast, the growing 
season of Cfa forests occurs during the wet summer. High evapotranspiration and high 
soil moisture recharge occurs at the same time. Without abundant precipitation 
infiltrating in winter, precipitation during the growing season is the major water source 
for trees in the Cfa climate [Hansen and Weltzin, 2000]. The depth of the rooting system 
is intermediate in the soil, enabling trees to extract current precipitation from the upper 
layer of soil and access more water from the deeper soil. 
 The temperature trends show that there is significant warming in the past hundred 
years for most of the towers, agreeing with northern hemispheric warming from 1901 to 
1997 [Jones et al., 1999]. In addition, there are more extreme high temperatures and 
fewer extreme low temperatures in recent years [Jones et al., 1999]. Generally drier 
conditions occur with warmer climate, because of increased evapotranspiration, which is 
a significant out-flux of the soil water budget. Easterling et al. [2007] suggests that a 
general increase of precipitation in the contiguous US masks the increase of drought 
resulting from warming. The percentage of towers that have severe long-term drought 
along with warming in the Dfb climate is fewer than in other climates, because Dfb 
forests have a steady influx of precipitation throughout the year. Abundant magnitude 
and little seasonal variability of precipitation lead to less vulnerability to drought (short-
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term or long-term) in the Dfb climate compared to the Csb and Cfa climates. In the 
contiguous US from 1915 to 2003, the Dfb drought is becoming milder and shorter, while 
the Csb and Cfa droughts are becoming more severe and longer [Andreadis and 
Lettenmaier, 2006].  
 Higher ER and GPP do not correspond to warmer temperatures and moister soil 
for every tower as expected. Most Dfb towers respire and produce within the optimal 
temperature range, because all the Dfb towers are north of 42°N. Compared to the Csb 
and Cfa towers in lower latitudes, the Dfb trees exist in a cool environment which is far 
below their optimal temperature [Deutsch et al., 2008]. In a warm climate, the Q10 value 
is lower than in a cool climate. Consequently, respiration increases less with rising 
temperature in lower latitudes [Saxe et al., 2001].  
 More than half of the Dfb and Cfa forests reduce their respiration and production 
when short-term droughts occur. However, the ER and GPP of only a few Csb towers 
respond to droughts as expected when the droughts are extended, because they are able to 
extract water in deeper soil layers where there is water being stored from previous wet 
seasons. Reynolds et al. [2004] suggest that summer precipitation in the Csb climate is 
too small to reach the deep root system, so that short-term droughts are not significant for 
Csb trees. More Dfb and Cfa forests reduce respiration and production from long-term 
droughts than from short-term droughts. Dfb forests are not used to long periods of 
drought since they receive precipitation throughout the year and their root systems are 
very shallow. Cfa climates do not store enough water before the growing season, so that 
long-term droughts make it difficult for trees to seek water from the deep soil.  
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 Generally, more than half of all towers release less carbon when temperature is 
warmer and drought is more severe. Temperature and soil moisture have no direct effect 
on NEP, as it is due to the change in GPP and ER, which can be a result of changing 
temperature and soil moisture. Specifically, the relative role of GPP and ER is the key. 
Braswell et al. [1997] indicates that there is a lag between NEP and temperature, which is 
the feedback between the terrestrial ecosystem and atmosphere. Their study reveals the 
complexity between carbon exchange and climate change.  
 The associated effect of temperature and soil moisture on GPP and ER does not 
always respond as expected, which is explained by my explanatory model. Each climate 
type has a most common combination of correlation signs.  
 For Dfb climate, except for the associated effect of gridded temperature and short-
term drought on NEP, none of the carbon fluxes is limited by droughts. Sufficient soil 
moisture and cool environments in high latitudes provide the most beneficial 
environments for forest production. The results differ a lot by using all towers vs. towers 
with longer period of data  
 ER in Csb climates is dominated by temperature when long-term droughts occur 
and responds as expected when short-term droughts occur. However, GPP is limited by 
short-term droughts but not limited by long-term droughts. Upper layer soil moisture 
recovers from short-term droughts once there is precipitation. Warming and short-term 
drought increases the leaf water potential [Jarvis, 1976]. To decrease water loss, trees 
reduce their stomatal conductance. Therefore, the reactants (CO2 and H2O) for 
photosynthesis are reduced [Sarris et al., 2013]. Consequently, tree growth pauses and 
GPP is low during short-term droughts. However, trees cannot survive without 
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production (photosynthesis) in the long term. The deep roots suggest that deep water is 
the major source for Mediterranean climates, so that trees also get water from deep soil 
regardless if the drought is short or long term. This ability demonstrates how vegetation 
survives in the desert. Mediterranean forests are closer to their optimal temperature for 
growth than forests in the other climates [Bussotti et al., 2014], so that the temperature in 
Mediterranean forests is more likely to surpass the optimal. The little difference between 
the results using all towers and only the towers with long period of data shows the small 
variation among all Csb towers. Gridded temperature presents the temperature change 
near the Csb towers very well. 
 Because the growing season and warm wet season of Cfa climate are the same, 
temperature and soil moisture are in their optimal states for production and respiration. 
Tower selection changes the results. Also, using gridded vs. tower temperature 
sometimes produces different results for a subset of Cfa towers. GPP and ER are two 
actual physical process, while NEP is only a value derived from GPP and ER. The 
derived value cannot be explained by the climate accurately if the actual physical 
processes are not considered. By simply combining the expected responses of GPP and 
ER to increasing temperature using Equation (1), NEP is a function of temperature, and 
there is an optimal temperature for NEP [Niu et al., 2012]. However, in the Cfa forests, 
neither ER nor GPP are limited by soil moisture, while NEP is limited by soil moisture. 
This paradoxical situation exposes the importance to further study how NEP correlates to 
the climate in terms of physiology. Few studies try to understand the carbon sequestration 
and climate change in this way. For example, the European forest carbon sink has been 
attributed to reduced respiration rather than increased photosynthesis [Valentini et al. 
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2000]. The associated effects of temperature and soil moisture on GPP and ER, as well as 
dominant flux for changes in NEP, are combined in Table 6. Within the growing season 
in each year, production contributes more to the change in NEP for all climates. 
However, the NEP changing from year to year is dominated by the change of ER in Dfb 
and Csb climates. From one summer to the next covers the non-growing season for Dfb 
towers, so that production is not as important. For the Csb climate, the wet season is 
between two summers, so that moist soil is beneficial for microbial decomposition 
[Steinberger and Sarig, 1993]. Cfa towers are in low latitudes, so the warmer 
temperatures and moister soils last for a longer growing season.  
 The explanatory model is a very simple model. All the correlation values are used 
in the model without considering the statistical significance of the correlations. I did not 
take the significant interval into account, because the limitation of eddy covariance data 
makes the significant interval of correlations very low. Mining more useful data points 
from different sources can make up this disadvantage. It is also possible that some of the 
correlation values are on the border of any two quadrants, which might necessitate an 
additional category.  
 Eddy covariance data are constrained by their short measurement periods. There 
is no way to calculate drought indices from a few data points. Drought indices from 
gridded data are therefore a reasonable substitute. These results show that gridded 
temperature reflects the tower temperatures very well, Differences between the two can 
result from several reasons. Gridded temperature records the surface temperature, while 
tower temperature is measured at the canopy level, which is around 40 m in the US forest 
[NASA, 2017]. Air temperature usually drops with increasing height. Furthermore, 
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gridded temperature is derived from weather stations. The surrounding environment and 
altitude of the weather stations are not the same as the eddy covariance towers. If mean 
air temperature is not calculated from hourly values, gridded temperature is just the mean 
of the maximum temperature and minimum temperature [CRU, 2015]. Some towers are 
close to each other and in the same grid, so they have the same gridded temperature but 
different tower temperatures. The tower and gridded temperatures ultimately yield the 
same results.  These data limitations are common for studies from flux towers [Valentini 
et al., 2000].  Using towers with longer period of measurement makes correlation more 
reliable. However, the most common results for each climate can be biased because of the 
small number of available towers. That is also the possible reason for the differences 
between results of all towers and long measurement towers. 
 Gap filling of eddy covariance data is another source of uncertainty. Moffat et al. 
[2007] have compared 15 methods of gap filling. Some of the towers used in this study 
have the similar data using different filling methods, while some are different.    
 To obtain enough data for significant correlation, as well as choosing the most 
common pattern, modeling with ecosystem models is a potential solution. There are many 
well developed global ecosystem models, i.e. the Community Land Model [Oleson et al., 
2010] and the Terrestrial Ecosystem Model-Hydro [Felzer et al., 2009]. It is also 
promising to use models to test the physiology of my results. The correlations alone 
cannot explain the mechanisms by which climate changes the carbon fluxes, but they do 
show the beneficial climate conditions and climate-limiting factors for production and 
respiration. With terrestrial ecosystem models, I can set up experiments to test how forest 
carbon fluxes respond to warming and reduced soil moisture. When the soil moisture is 
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kept constant, if raising temperature is not able to increase GPP or ER, the GPP or ER is 
soil moisture limited. If the temperature is held constant, if adding soil moisture does not 
increase GPP and ER, then the GPP and ER are temperature limited. In addition, models 
can also show the feedback between NEP and climate [Braswell et al., 1997].  
 To validate my results, future studies with field experiments and satellite data can 
be done. An up-to-date eddy covariance dataset, FLUXNET2015, has been released 
recently. The National Ecological Observatory Network (NEON) provides even more in-
situ measurements. Satellite data can provide a global view of carbon fluxes with high 
resolution. However, the satellite data only goes back several decades   
5. Conclusions 
 Most of the forests in my study have experienced a 0.52℃ to 2.29 ℃ warming 
per hundred years in the past 114 years. From the correlation of temperature and drought 
indices, short-term droughts often occur with high temperature because of increased 
evapotranspiration. High temperature does not worsen long-term droughts in Dfb climate, 
since the increasing precipitation relieves the droughts.  
Although, in general, GPP and ER are positively correlated with temperature and 
negatively correlated with drought indices, it is not always true. GPP and ER in most of 
the Csb forests are negatively correlated with short-term droughts, but positively 
correlated with long-term droughts.  GPP in most of the Csb forest are negatively 
correlated with tower temperature and gridded temperature. Fewer Csb forests have 
positive correlation of temperature and ER compared to Dfb and Cfa climates. NEP in all 
climates is mostly negatively correlated with temperature and droughts (P-E and PDSI).  
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The explanatory model shows all four possible conditions of how carbon fluxes 
respond to temperature and soil moisture. Based on the signs of correlations of 
temperature and drought indices with a given carbon flux, the flux can be placed in one 
of four quadrants. The combination of signs can be: 1) (negative, negative); 2) (negative, 
positive); 3) (positive, negative); and 4) (positive, positive), and these imply: 1) moisture 
limited; 2) temperature surpasses the optimal; 3) expected response; and 4) temperature 
dominated, respectively. Forests from different climates can survive from growing-
season droughts, because they have adapted to their local climate. GPP and ER in the Dfb 
forests are not limited by soil moisture, since precipitation occurs evenly throughout the 
year. In Mediterranean climates, production decreases when short-term droughts occur, 
and the forests extract water from deep soil layers. The wet and warm growing season in 
the Cfa climates provides a beneficial environment for forest production and respiration.  
 The effect of temperature and soil moisture on NEP is the net effect on GPP and 
ER. For all climates uniformly, GPP is the dominant flux for the monthly change within 
the growing season. However, ER is the dominant flux for the inter-annual change in 
NEP in Dfb and Csb climates. Microbial decomposition is aided by moist soil in the non-
growing season. GPP dominates the inter-annual change in NEP in Cfa climates, which 
suggests the Cfa forests have a longer growing season compared to those in Dfb and Csb 
climates. 
My study uses the gridded dataset to calculate drought indices, since the eddy 
covariance data are limited by the short period of measurements. Results differ if using 
gridded vs. tower temperature. Using all the towers and the subset of towers can make a 
difference, since the number of available towers are limited. Future studies can use 
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models to develop longer periods of data. The physiology of these results can also be 
validated by model simulations.  
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Table 1. Carbon fluxes from the Ameriflux network.  
Developers Ecosystem Respiration Net Ecosystem Productivity 
Gross Primary 
Productivity 
Principal 
Investigators ER_or 
NEP_or_fMDS GPP_or_MDS 
NEP_or_fANN GPP_or_ANN 
Ameriflux ER_st NEP_st_fMDS GPP_st_MDS NEP_st_fANN GPP_st_ANN 
 
 
 
Table 2. The list of eddy covariance towers, climate ranges, biomes and the correlation 
and linear regression of gridded temperature (GT) and tower temperature (TT). DBF = 
deciduous broadleaf forests. ENF = evergreen needleleaf forests. MF = mixed forests. 
K-G climate tower Pearson r 
start 
year 
end 
year 
# of 
years linear regression biome 
Humid 
subtropical 
climate 
(Cfa) 
USMMS 0.99 1999 2006 8 GT = 1.00*TT -0.14 DBF 
USSP2 0.98 1998 2004 7 GT = 0.95*TT +2.26 ENF 
USSP1 0.99 2001 2006 6 GT = 1.08*TT -0.83 ENF 
USSP3 0.99 1999 2004 6 GT = 0.99*TT +1.36 ENF 
USWBW 1 1995 1999 5 GT = 1.04*TT -0.91 DBF 
USMOz 0.98 2004 2007 4 GT = 0.97*TT +0.35 DBF 
USDix 1 2005 2006 2 GT = 1.05*TT -0.35 MF 
USNC1 1 2005 2006 2 GT = 1.02*TT +0.61 ENF 
USNC2 1 2005 2006 2 GT = 1.09*TT -0.93 ENF 
USKS1 1 2002 2002 1 GT = 1.11*TT -3.33 ENF 
USSP4 1 1998 1998 1 GT = 0.98*TT +1.40 ENF 
Mediterranean 
climate 
(Csb) 
 
USWrc 1 1998 2006 9 GT = 1.00*TT -1.04 ENF 
USBlo 0.93 1999 2006 8 GT = 0.96*TT +3.15 ENF 
USMe2 0.99 2002 2007 6 GT = 0.97*TT -0.79 ENF 
USMe4 1 1996 1999 4 GT = 0.99*TT -2.02 ENF 
USFuf 0.95 2005 2007 3 GT = 1.06*TT -0.88 ENF 
USMe5 1 2000 2002 3 GT = 0.94*TT -1.06 ENF 
USMe1 0.96 2004 2005 2 GT = 0.94*TT -1.35 ENF 
USMe3 1 2004 2005 2 GT = 0.95*TT -1.43 ENF 
USFmf 1 2007 2007 1 GT = 1.04*TT -1.66 ENF 
Humid 
continental 
climate 
USHa1 1 1992 2006 15 GT = 1.06*TT +0.36 DBF 
USHo1 1 1996 2004 9 GT = 1.01*TT -1.06 ENF 
USUMB 1 1999 2006 8 GT = 1.07*TT -1.44 DBF 
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(Dfb) USWCr 0.99 1999 2006 8 GT = 1.02*TT -0.70 DBF 
USHo2 1 1999 2004 6 GT = 1.01*TT -1.00 ENF 
USSyv 0.99 2001 2006 6 GT = 0.98*TT -0.24 MF 
USLPH 0.99 2002 2005 4 GT = 1.01*TT +0.75 DBF 
USWi4 0.91 2002 2005 4 GT = 1.04*TT -2.99 ENF 
USBar 1 2004 2006 3 GT = 1.01*TT -3.72 DBF 
USWi9 0.92 2004 2005 2 GT = 1.02*TT -1.22 ENF 
USHa2 0.93 2004 2004 1 GT = 0.94*TT +0.97 ENF 
USWi0 0.91 2002 2002 1 GT = 0.71*TT +3.47 ENF 
USWi1 0.94 2003 2003 1 GT = 1.14*TT -3.28 DBF 
USWi2 0.77 2003 2003 1 GT = 1.10*TT -4.01 ENF 
USWi5 0.93 2004 2004 1 GT = 1.21*TT -3.76 ENF 
USWi8 0.95 2002 2002 1 GT = 1.17*GT -4.04 DBF 
 
 
 
Table 3. The slopes of trend line in gridded temperature for each month. Insignificant 
slopes at 90% confident interval are bolded. 
K-G climate Site slope(k)-Jun slope(k)-Jul slope(k)-Aug 
Humid 
subtropical 
climate 
(Cfa) 
USDix 0.0229 0.0213 0.0205 
USKS1 0.0122 0.0125 0.0103 
USMMS 0.0036 -0.0015 0.0035 
USMOz -0.0010 -0.0027 -0.0011 
USNC1 0.0019 0.0029 0.0008 
USNC2 0.0019 0.0029 0.0008 
USSP1 0.0052 0.0062 0.0092 
USSP2 0.0052 0.0062 0.0092 
USSP3 0.0052 0.0062 0.0092 
USSP4 0.0052 0.0062 0.0092 
USWBW 0.0016 0.0035 0.0064 
Mediterranean 
climate 
(Csb) 
 
 
USBlo 0.0034 0.0026 0.0030 
USFmf 0.0123 0.0114 0.0088 
USFuf 0.0123 0.0114 0.0088 
USMe1 0.0079 0.0104 0.0133 
USMe2 0.0123 0.0143 0.0168 
USMe3 0.0123 0.0143 0.0168 
USMe4 0.0123 0.0143 0.0168 
USMe5 0.0123 0.0143 0.0168 
USWrc 0.0026 0.0064 0.0090 
Humid USBar 0.0123 0.0065 0.0135 
	 28	
continental 
climate 
(Dfb) 
 
 
USHa1 0.0180 0.0128 0.0201 
USHa2 0.0180 0.0128 0.0201 
USHo1 0.0128 0.0069 0.0138 
USHo2 0.0128 0.0069 0.0138 
USLPH 0.0180 0.0128 0.0201 
USSyv 0.0082 0.0051 0.0129 
USUMB 0.0062 0.0033 0.0116 
USWCr 0.0063 0.0054 0.0126 
USWi0 0.0112 0.0105 0.0170 
USWi1 0.0112 0.0105 0.0170 
USWi2 0.0112 0.0105 0.0170 
USWi4 0.0112 0.0105 0.0170 
USWi5 0.0112 0.0105 0.0170 
USWi8 0.0112 0.0105 0.0170 
USWi9 0.0112 0.0105 0.0170 
 
 
 
Table 4. The possible relations of carbon flux changes and the dominant flux for NEP 
change, respectively. ↑ = increase. ↑↑ = larger increase. ↓	= decrease. ↓↓	= larger 
decrease. The dominant fluxes are bolded. 
ER GPP NEP ER GPP NEP 
↑	 ↑↑	 ↑	 ↓	 ↓↓	 ↓	
↓	 ↑	 ↑	 ↑	 ↓	 ↓	
↓↓	 ↓	 ↑	 ↑↑	 ↑	 ↓ 
 
 
 
Table 5. Percentage of weighted number of towers with each dominant flux in the 
contexts of month-by-month and year-by-year changes in NEP. The most common 
dominant flux is bolded. 
Month-by-month change of carbon fluxes using all towers 
 GPP GPP&ER ER 
Dfb 55.6% 21.9% 22.5% 
Csb 44.4% 28.3% 27.3% 
Cfa 51.8% 19.9% 28.3% 
Year-by-year change in carbon fluxes using the towers with 4 or more years of data 
 GPP GPP&ER ER 
Dfb 28.2% 29.7% 42.1% 
Csb 36.6% 15.5% 47.9% 
Cfa 54.9% 25.3% 19.7% 
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Table 6. The most common associated effects of temperature and soil moisture on GPP 
and ER, using the gridded temperature from all towers, as well as the dominants flux for 
the change in NEP.  
 GPP ER NEP 
 T & P-E T & PDSI T & P-E T & PDSI 
Month-
by-
month 
change 
Year-
by-year 
change 
Dfb Temperature dominated 
Expected 
response 
Expected 
response 
Expected 
response GPP ER 
Csb Moisture limited 
Temperature 
surpasses 
the optimal 
Expected 
response 
Temperature 
dominated GPP ER 
Cfa Temperature dominated 
Expected 
response 
Temperature 
dominated 
Temperature 
dominated GPP GPP 
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Figure 1. Thirty-six forest eddy covariance towers and their Köppen-Geiger climate 
classifications. The color dots are eddy covariance towers in forest ecosystems. Cfa = 
humid subtropical climate. Dfb = humid continental climate. Csb = Mediterranean 
climate. 
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Figure 2. The average monthly temperature and precipitation of a) US-Ha1, b) US-Blo 
and c) US-SP1, which represents the climate pattern of humid continental climate (Dfb), 
Mediterranean climate (Csb) and Humid subtropical climate (Cfa) respectively. 
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Figure 3. Data analysis flow. 
 
 
	 33	
 
Figure 4. The explanatory model of associated effects of temperature and soil moisture on 
the carbon fluxes. 
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Figure 5. Mean summer temperature, P-E and carbon fluxes of all towers. Towers in 
different climate are distinguished by different colors. The upper bound of error bars is 
the maximum temperature, P-E or carbon flux. The lower bound of error bars is the 
minimum temperature, P-E, or carbon flux. Carbon fluxes are ER, GPP and NEP from a 
to c. 
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Figure 6. Mean summer temperature, PDSI and carbon fluxes of all towers. Towers in 
different climate are distinguished by different colors. The upper bound of error bars is 
the maximum temperature, PDSI or carbon flux. The lower bound of error bars is the 
minimum temperature, PDSI or carbon flux. Carbon fluxes are ER, GPP and NEP from a 
to c. 
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Figure 7. Correlations of temperature and drought indices: (a) gridded temperature and P-
E; (b) gridded temperature and PDSI. In each plot, towers are classified by 3 climate 
types. Dfb = humid continental climate. Csb = Mediterranean climate. Cfa = humid 
subtropical climate. The colors represent the signs of correlations. Red are towers with 
positive correlations, and blue are towers with negative correlations. Significant 
correlations are in dark red or dark blue, while the insignificant correlations are in light 
red or light blue. Statistically significant correlations have p values less than 0.1. The area 
of color patches represents the percentage of towers with significant or insignificant, 
positive or negative, correlations. All towers are considered. 
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Figure 8. Individual correlations of temperature and drought indices with carbon fluxes. 
Plots from the first row to the fourth row are the correlations of gridded_T, tower_T, P-E 
and PDSI with carbon fluxes, respectively. The carbon fluxes from the first column to the 
third column are ER, GPP, and NEP, respectively. All towers have been classified by 
climate types. Dfb = humid continental climate. Csb = Mediterranean climate. Cfa = 
humid subtropical climate. The colors represent the sign of correlations. In addition to 
dark red ( significantly postive), light red ( insignificant postive), light blue (insignificant 
negative), and dark blue (significant negtive), green represents the absolute value of the 
Pearson r is smaller than 0.01. The area of color shows the percentage of towers with the 
given correlation. All 36 towers are included. 
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Figure 9. The combination of correlations of temperature and drought indices with carbon 
fluxes. In plot a-f, and g-l, temperatures are gridded_T and tower_T respectively. P-E is 
correlated with carbon fluxes in Figures a-c, and g-i. PDSI is correlated with carbon 
fluxes in Figures d-f and j-l. ER, GPP and ER are corrlated with temperature or drought 
indices in each figure column from left to right. The colors represent four combinations 
of correlation signs. The area of color patches represents the percentage of weighted 
number of towers (labels) in each climate type with a particular correlation. Dfb = humid 
continental climate. Csb = Mediterranean climate. Cfa = humid subtropical climate. All 
36 towers are considered. 
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Figure 10. The most common combination of humid continental climate (Dfb) from 
Figure 9 in the explantory model (all towers).  X-axis is correlation of temperature with 
carbon fluxes (ER, GPP, and NEP).  Y-axis is correlation of P-E and PDSI with the 
carbon fluxes.  The upper right, upper left, lower left and lower right quadrants represent 
the conditions of temperature dominated, temperature surpasses the optimal, moisture 
limited and expected response, respectively. The color of quadrants correspond to the 
colors in Figure 9. The combination of correlations are written as temperature | carbon 
flux | drought index.  
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Figure 11. The most common combination of Mediterranena climate (Csb) from Figure 9 
in the explanatory model (all towers). The approach is the same as Figure 10. 
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Figure 12. The most common combination of humid subtropical climate (Cfa) from 
Figure 9 in the explanatory model (all towers). The approach is the same as Figure 10. 
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Appendices 
Table S1. Correlation of average climate and carbon fluxes within each climate. * = 
significant correlation at 90% confident level. 
 temperature vs. ER temperature vs. GPP temperature vs. NEP climate Pearson r p value Pearson r p value Pearson r p value 
Dfb 0.19 0.47 0.30 0.25 0.09 0.74 
Csb -0.20 0.60 -0.04 0.92 0.23 0.55 
Cfa 0.19 0.57 -0.46 0.15 -0.71* 0.02 
 P-E vs. ER P-E vs. GPP P-E vs. NEP climate Pearson r p value Pearson r p value Pearson r p value 
Dfb -0.17 0.54 -0.12 0.66 0.10 0.72 
Csb 0.11 0.78 -0.45 0.22 -0.80* 0.01 
Cfa 0.30 0.37 -0.27 0.43 -0.59* 0.06 
 PDSI vs. ER PDSI vs. GPP PDSI vs. NEP climate Pearson r p value Pearson r p value Pearson r p value 
Dfb -0.21 0.44 -0.09 0.74 -0.20 0.48 
Csb -0.30 0.43 0.02 0.96 0.46 0.21 
Cfa -0.69* 0.02 -0.13 0.70 0.50 0.12 
 
 
 
 
 
Figure S1. Average summer temperature (June, July, and August) from 1901 to 2014 
(blue line) and the trend (red) of US-Ha1. 
temperature = 0.017*year - 13.328
15
16
17
18
19
20
21
22
23
1900 1920 1940 1960 1980 2000
av
era
ge
 su
mm
er 
tem
pe
rat
ure
 (℃
)
year
US-Ha1
	 47	
 
Figure S2. Temperature vs. drought indices of US-Ha1. The temperature and drought 
indices are calculated using the gridded dataset ranging from 1901 to 2014. The dash line 
is the trend. Pearson r values are labeled.  
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Figure S3. Gridded temperature vs. carbon fluxes (ER, GPP and NEP) of US-Ha1. 
Different versions of P-E index and carbon fluxes have similar results. Therefore, only 
the standardized carbon fluxes filled by MDS method are plotted. The dash line is the 
trend. Pearson r values are labeled. None of these correlations are statistically significant. 
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Figure S4. P-E index vs. carbon fluxes (ER, GPP and NEP) of US-Ha1. Different 
versions of P-E index and carbon fluxes have similar results. Therefore, only the 
standardized carbon fluxes filled by MDS method and the P-E index by Thorthwaite 
equation are plotted. The dash line is the trend. Pearson r values are labeled. None of 
these correlations are statistically significant. 
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Figure S5. PDSI vs. carbon fluxes (ER, GPP and NEP) of US-Ha1. Different versions of 
carbon fluxes have similar results except for the correlation of PDSI and GPP. Therefore, 
only the standardized carbon fluxes filled by MDS method are plotted. The dash line is 
the trend. Pearson r values are labeled. None of these correlations are statistically 
significant. 
 
 
Pearson r = 0.07
p value = 0.67
0
50
100
150
200
250
-5 0 5
ER
_s
t (g
C/
m2
/m
on
th)
PDSI*(-1)
(a) PDSI vs. ER_st
Pearson r = 0.00
p value = 0.98
0
50
100
150
200
250
300
350
400
450
500
-5 0 5
GP
P_
st_
M
DS
 (g
C/
m2
/m
on
th)
PDSI*(-1)
(b) PDSI vs. GPP_st_MDS 
Pearson r = -0.05
p value = 0.77
0
50
100
150
200
250
300
-5 0 5
NE
P_
st_
fM
DS
 (g
C/
m2
/m
on
th)
PDSI*(-1)
(c) PDSI vs. NEP_st_fMDS 
	 51	
 
Figure S6. Correlations of temperature and drought indices with the same approach as 
Figure 7. Only the towers with 4 or more years of data are considered. 
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Figure S7. Individual correlations of temperature and drought indices with carbon fluxes 
with same approach as Figure 8. Only towers with 4 of more-years of data are 
considered. 
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Figure S8. The combination of correlations of temperature and drought indices with 
carbon fluxes using same approach as Figure 9. Only towers with 4 of more-years of data 
are considered. 
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Figure S9. The most common combination of humid continental climate (Dfb) from 
Figure S8 in the explanatory model (Only towers with 4 of more-years of data). The 
approach is the same as Figure 10. 
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Figure S10. The most common combination of Mediterranean climate (Csb) from Figure 
S8 in the explanatory model (Only towers with 4 of more-years of data). The approach is 
the same as Figure 10. 
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Figure S11. The most common combination of Humid subtropical climate (Cfa) from 
Figure S8 in the explanatory model (Only towers with 4 of more-years of data) The 
approach is the same as Figure 10. 
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